Reliable growth data from trees are important to establish a rational forest management. Characteristics from trees, like the size, crown architecture and competition indices have been used to mathematically describe the increment efficiently when associated with them. However, the precise role of these effects in the growth-modeling destined to tropical trees needs to be further studied. Here it is reconstructed the basal area increment (BAI) of individual Cedrela odorata trees, sampled at Amazon forest, to develop a growthmodel using potential-predictors like: (1) classical tree size; (2) morphometric data; (3) competition and (4) social position including liana loads. Despite the large variation in tree size and growth, we observed that these kinds of predictor variables described well the BAI in level of individual tree. The fitted mixed model achieve a high efficiency (R 2 =92.7 %) and predicted 3-years BAI over bark for trees of Cedrela odorata ranging from 10 to 110 cm at diameter at breast height. Tree height, steam slenderness and crown formal demonstrated high influence in the BAI growth model and explaining most of the growth variance (Partial R 2 =87.2%). Competition variables had negative influence on the BAI, however, explained about 7% of the total variation. The introduction of a random parameter on the regressions model (mixed modelprocedure) has demonstrated a better significance approach to the data observed and showed more realistic predictions than the fixed model. Key words: Mixed model; generalized last-squares; tree-morphometry; competition indices.
INTRODUCTION
There is a considerable interest in promoting timber sustainability as strategy for conservation and maintaining production in the Amazon rainforest. It assumes minimal information, the tree growth patterns of the component species or at least those species considered important (VANCLAY, 1994) , combined into forest management practices. The modeling of tree growth are an important tool providing tangible forest management actions, like a practical selection of tree species for timber production, estimate of the cutting cycle and prescribed silvicultural treatments (SILVA, 2002) , furthermore, it can contribute to the forest management decision because it provides a stand development by forecasts (SÁNCHEZ-GONZALES et al., 2006) contributing to the administrative decision-making.
In order to model the tree growth, the forest managers identified sources of variability that needs to be collected for model improvement (FOX et al., 2001) . Predictor variables that express treesize, competitive status and attribute of the stand are considered the starting point for modeling tree growth (WYKOFF, 1990; CHOI et al., 2001) . Each observation from the same unit sample tends to be highly correlated and conferring to the growth data a hierarchical structure with lack of independence between the measures (WEST, 1995) as a result of repeated measurements or simultaneous measurements (stem analysis) at the same unit sample (tree). Consequently, the use of ordinary least-square (OLS) violates supposes and maybe can include variables that are not significant in the model.
Then, the development of general models that overcomes correlated data had been evaluated from different perspectives. The use of mixed models is an alternative and its use has recently increased for modeling stand development instead of individual tree level (BUDHATHOKI et al., 2008) . The mixed model allows the parameter vector varies randomly between each scenario that causes variability (e.g. among trees). Thus, the regression coefficients are divided into a fixed part, which defines a pattern of response common average for the population evaluated, and random components, which includes specific parameters for each unit sample, assuming that it affects the variability of the observed data (LAPPI, 1997) . Under these circumstances, the main objective of this investigation is modeling a mixed model to describe the basal area increment (BAI) of individual Cedro trees (Cedrela odorata) using tree predictor variables and competition indices. This model is useful to understand what kind of variables affects the growth rate and can be used for access management needs for applied research purposes. We then compare the performance of the mixed growth model with a fixed growth model.
MATERIAL AND METHODS

Study area
The data were collected based on a Plan for Sustainable Forest Management (PFS) over 325 ha, licensed by Instituto Brasileiro do Meio Ambiente (IBAMA) and located approximately 49 km northeast of Rio Branco, the capital of Acre State, Brazil. The study area had smooth topography cut by some streams (HOLDRIDGE, 1978) and an annual rainfall of 1.900 mm, which was concentrated mainly between September and May (IMAC, 1991) during a period known as the "Amazonian winter". The average temperature was approximately 23 °C (ZEE, 2000) . Dominant vegetation consisted of large trees, forming three or more layers of canopies between 25 and 35 meters of height, with emergent trees reaching 45 meters and an average basal area (DBH > 20 cm) of 16 m 2 ha -1 and 115 trees hectare -1 (ZEE, 2000) .
Data collection
For the previous PFS inventory, 62 out of 114 Cedro trees were randomly sampled, showing a DBH distribution ranging from 10 cm to 110 cm. The radial incrementof each individual tree was obtained from partial steam analysis by removing two perpendicular cores, with approximately 100 mm in length, taken at 1.3 m (DBH) with a standard 5-mm increvariação total. A introdução do parâmetro aleatório no modelo de regressão (modelo misto) conduziu a uma melhor aproximação aos dados observados (acurácia) com predição mais realística quando comparado ao modelo fixo. Palavras-chave: modelo misto; mínimos quadrados generalizados; morfometria da árvore; índice de competição. ment borer. In trees with tabular roots (buttresses), the cores were extracted above them to prevent the overor underestimation of growth rates (METCALF et al., 2008) . Cores were visually cross-dated (STOKES and SMILEY, 1996) , and ring increments were measured with 0.01 mm of accuracy using Lintab, a linear 
Where n=3 years. This interval was chosen to maintain approximately constant the temporal correlation between the current state of the tree (i.e. tree architecture and status of competition) and the tree growth. The use of basal area increment instead of diameter increment as the dependent variable was arbitrary. Both variables do not cause differences in accuracy when equations of diameter increment or basal area are used (WEST, 1995) since any difference in the adjustment is attributed to the structure of the error (VANCLAY, 1995) . In each individual Cedro trees a range of potential predictor variables were sampled and calculated to modeling the BAI. These variables are described below:
1. Tree size variables: diameter at breast height (DBH i ), cm; total height (H i ), m; crown length (Cl i ), m, i.e. the vertical distance between the uppermost and the bottom leaves; crown width (CW i ) m, derived by eight measurements of crown radius made in the cardinal and intercardinal directions (ALDER and SYNNOTT, 1992) and the area of crown projection (CPJ i ), m 2 . 2. Tree-morphometric variables: stem slenderness calculated as a ratio between H i and DBH i (HD i ); Saliency Index calculated by relationship between CD i and DBH i , (SI i ) and crown shape ratio (CSRi=crown width/crown length) (ASSMANN, 1970; DURLO and DENARDI, 1998; . 3. Tree-quality variables: here we evaluated the crown position (CP i ) and liana load on the crown (LL i ). Based on a Dawkins illumination index (DAWKINS, 1963) , the CP in each Cedro tree was categorized into one of the following: (1) dominant (full overhead and side light); (2) codominant (full overhead light); (3) intermediated (some overhead or side light); and (4) suppressed (no direct light). Likewise, the LL i was assessed by assigning values 1 for trees free of lianas, 2 for the presence of lianas on the bole and crown (at the same time with up to 50% of the tree covered by lianas) and 3 for the severe form with more than 75 % of presence of lianas on the bole and crown. Moreover, five DBH classes (DC i ) with range of 20 cm were created. The lowest limit increased from 10 to 30 cm, and the upper limit that corresponds to larger trees increased from 90 to 110 cm. These effects were represented as discrete variables (Dummy variables) like:
Considering the nearest neighbor tree as a competitor for a subject tree (ESBER, 2003) , three competition indices, at plot level, also were calculated to measure the status of competition and use as predictor variable. The spatial dependence index was calculated for each subject tree by:
Hegyi Index (e.g. DAVIES and POMMERENING, 2008): ;
And using a non-spatial dependence index by:
Glover and Hool Index (e.g. FOX et al., 2008) : .
Where: i is the subject tree (Cedro); j is neighbor (consider as a competitor) tree; n is the number of neighbors; DBH 2 i is the arithmetic mean diameter at breast height of all competitor trees in the plot (cm); HDist ij is the horizontal distance between trees i and j.
Statistical analysis
Owing the tree growth data have a nested stochastic structure, a linear mixed model (Model 2) was constructed with the same data set from Cunha (2009). This model included a tree as a random parameter and was fitted by generalized least-squares (GLS) techniques. The mixed model provide a more flexible and accurate framework for managing this kind of structure for the growth data (WEST, 1995) .
Where: D1Glover i and D3Hegyi i are the competition by tree competitor that infers at treesample of DBH class 1 and DBH class 3, respectively; D5Cl i =crown length of the DBH class 5; D6formal i = crown formal at dominant crown position and D12CPJ i is the crown projection of the tree influenced by high level of liana load; β 0 , …, β 7 = model parameters; ε i is the residual error within each ith tree ∼N(0,σ 2 ); γ 0 = the mean intercept across trees; u i = random parameter designing the specific amounts by which ith tree (unit sample) deviates from these mean. The random parameter estimates are free to vary across individuals trees and it assumed that u i~N (0,τ 0 ) and cov (u i ,ε i ) = 0;0.23= constant estimated by Box-Cox transformation methodology (e.g. GONÇALVES and MEDDAHI, 2010) to reduce the variances.
The use of Box-Cox transformation is justified because the skewness is smaller than when use the log transformation in a finite sample. A random intercept was included in the model 2 (parameterized by Cunha, 2009) to covering some variance not considered in usually fixed model to yield better predictions. The vector of fixed effects (β) was estimated by GLS and the variance components (τ 0 ,σ 2 e ) were estimated simultaneous by Restricted Maximum Likelihood (REML) method. The random parameter vector was calculated by the expression 3:
Where: u i = vector of Best Linear Unbiased Predictor (BLUP) for random components, acting at tree level; D= block diagonal matrix; Z= the design matrix for the random components specific to the additional observations. R=the estimated matrix for the residual variance; e= vector with dimension corresponded to a number of observations; whose components are the values of residuals.
To obtain the BLUP a data job in SAS System was developed using MIXED and GLIMMIX Procedure in the SAS/STAT (2007). A covariance structure type of Variance Component was specified to account the correlation between observations.
Validation tests based on observed and predicted data were calculated to determine the accuracy of the model (e.g. VANCLAY and SKOVSGAARD, 1997), so the means (Bias, cm 2 ; Bias, %), the standard error of estimates (S yx , cm 2 ; S yx , %) and the modeling efficiency (E) were achieved using the statistics shown in Table 1 . Standard residuals were plotted against the predicted basal area increment (CALAMA and MONTERO, 2005) . To evaluate the mixed model, an information-theoretic approach, using the Akaike information criterion (AIC) and Bayesian information criteria (BIC) also was calculated. A variance explained by each group of predictors variables selected to fit the mixed model was accessed (e.g. MONSERUD and STERBA, 1996) .
RESULTS AND DISCUSSION
Fitted equation
After statistical testing(exclusion of outliers and influential points), a final model showed significance for fixed regression parameters and random parameterat 0.001level. A mixed linear equation to estimate the BAI for Cedrela odorata was expressed in the Equation 4: It is indicated in bracketsthe approximated standard error for each parameter. The estimated variance component u i represent the variation between trees (u i = 0.02618) with a larger value than the conditional component (ε i = 0.005210, for the variance within trees). In addition to this, trees do differ in average BAI rates even after controlling these effects by the predictor variables included in equation 4. Another way of thinking about the source of variation in BAI is to estimate the intra class (trees) correlation (ρ). This correlation was equivalent to ^ ρ = 0.834, which informs the portion of the total variation in BAI that occur among trees. This also suggests that an OLS analysis of these growth structure data would likely yield misleading results (SINGER, 1998) .
Model diagnostics
The fitted statistics for the fixed and mixed model included in Table 2 revealed small values that can be used for future comparisons. When the terms of tendency (Bias) are evaluated, the mixed model (Equation 4) shows a bias quite similar to the fixed model (prediction obtained by the model 2 without random intercept). However, the model efficiencies (E) have increased when consider the variability nested among trees in the Equation 4 because the estimate of the parameters depends on the estimates of the covariance parameters and therefore, the precision of the predicted BAI was better (Figure 1c and  1d ) than the fixed model (Figure 1a and 1b) when evaluated the dispersion of the data. Consequently, the 95% prediction intervals (assuming normality of BAI) for the mixed model were narrower than to the fixed model. Furthermore, the residuals obtained by the mixed model showed lower values compared to the obtained by the fixed model (Figure 2) .
To analyze the behavior of the mixed model (Equation 4) a panel diagnostic with descriptions of the conditional studentized residual was presented in the Figure 3 . It was possible to define a random- 
Additional criteria also used to evaluate the mixed model: Akaike information criterion AIC Smaller is better Bayesian information criterion BIC Smaller is better
Where: est i estimated value; obsiobserved value; n the number of observations. In all analyses the P values of < 0.05 were considered to denote statistical significance. Figure 3a) and an error distribution supported by the assumption of Gaussian distribution (Figure 3c ) reinforced by the QQ Plot ( Figure  3b ). The box plot shows two outliers, but all of them in the mixed model have a mean of zero (Figure 3d) . Moreover, the distribution pattern of the residual error, addition the small evaluation criteria, also suggested a corrected structure of variance-covariance used here (Variance Component)
Effect of the selected predictor variables on BAI
Most of the variation explained by the equation 4 (87.2%) expressed by the partial model efficiency, was due the variables that describe the size of the trees. In a competitive context the variables explained about 6.6% of the total variation in BAI model. As expected, the growth rate showed decrease for trees subjected to greater competition also observed in different sites like in conifers by Wykoff (1990); Quickeet al., (1994) ; Biging and Dobbertin, (1995) and for mixed forest stand by Holmes and Reed, (1991); Hasenauer andMonserud (1996); Monserud and Sterba, (1996); Sterbaet al., (2002) in which the diameter and basal area increment decreases with increasing competition. Despite the low contribution of the competition to improve the fit growth equation, this finding was important because it served as regulate of the actual tree size that reflects the past competition.
Trees that have short and wide crowns (i.e. a higher width: crown length ratio) in a dominant position have increasing in BAI growth, as verified by D6 formal variable with a positive regression parameter. Previous research has suggested that of the most important factors influencing tree growth is the amount and distribution of leaf area, as it affects the interception of photosynthetically active radiation (MCCRADY and JOKELA, 1998) . For this reason, it follows that as crown width increases, a higher proportion of photosynthate is allocated to the production and maintenance of branches (XIAO et al., 2003) .
Unlike other investigations, the fitted growth model demonstrated negative significant effect of the liana load in development the growth in basal area (Equation 4 ). This effect maybe can be attributed to the method of measurement. Kaineret al., (2006) demonstrated weak or none effect on the diameter growth of tropical and they were attributed to the fact of possibly the foliage of lianas that invades the tree crown can cover leaves and branches to various degrees. Likewise, the severity of liana infestation had no significant effect on diameter growth observed in Prioriacopaifera (GRAUEL and PUTZ, 2004) . Although, under high liana loads, the effect has decreased the growth but this was restricted to the dominant and co-dominant group of trees (e.g. LADWIG and MEINERS, 2009).
Model forecast
Due the future tree growth is not known with certainty, simulations using deterministic models can lead to seriously biased conclusions and non-optimum forest management (PUKKALA and KANGAS, 1996) . This reinforces the advantage when a mixed model is used. Under this consideration, the BAI under bark estimated by the Equation 4 to the next 3 years (Figure 4 ) was obtained. The behavior of the BAI observed and predicted tells us about the capability of the species to aggregate basal area (i.e. to growth), an important implication to the wood/timber yield. Moreover, considering the full growth-phase (diagonal cross area in Figure 4) was observed between the DBH 50 and 90 cm. In this sense, the technical possibility of execution and the economic viability of the forest management in mixed forest are insured by the good increment (DURLO et al., 2000) .
(random intercept) in the model led to reduce the variance and yield predictions more precisely. FIGURE 4: Perspective for the BAI growth to the next three years in Cedrela odorata in Porto Acre, AC. The hatched area was defined as the increment interval between actual and future BAI predicted by the equation4. The diagonal cross area indicates the class of DBH which has better growth than others. FIGURA 4: Perspectiva para o BAI nos próximos três anos para Cedrela odorata em Porto Acre, AC. A área cinza foi definida pelo intervalo entre o crescimento atual e futuro que foi estimado pelo modelo 4. A área diagonal em cruz indica a classe de diâmetro que apresenta maior crescimento.
CONCLUSION
This research presents a mixed model that can be used to describe and to predict the periodic basal area increment (BAI) of individual Cedrela odorata trees using tree size, competition indices and liana loadas independent variables. Owing the large variation of BAI a weight, a constant 0.23, was used. The inclusion of one stochastic component
